Microbial diversity on earth is extraordinary, and soils alone harbor thousands of species per gram of soil. Understanding 18 how this diversity is sorted and selected into habitat niches is a major focus of ecology and biotechnology, but remains 19 only vaguely understood. A core microbiome approach was used to mine information from databases to show how it can 20 be used to answer questions related to habitat-microbe relationships. By making use of the frenetic and burgeoning 21 growth of information from databases, our tool "COREMIC" meets a great need in the search for understanding niche 22 partitioning and habitat-function relationships. The work is unique, furthermore, because it provides a user-friendly statis-23 tically robust web-tool (http://coremic2.appspot.com), developed using Google App Engine, to help in the process of da-24 tabase mining to identify the "core microbiome" associated with a given habitat. A case study is presented using data 25 from 31 switchgrass rhizosphere community habitats across a diverse set of soil and sampling environments. The meth-26 odology utilizes an outgroup of 28 non-switchgrass (other grasses and forbs) to identify a core switchgrass microbiome. 27
Introduction 39
Microbial diversity on earth is extraordinary, and soils alone harbor thousands of species per gram. Understanding how 40 this diversity is sorted and selected into habitat niches is a major focus of ecology and biotechnology, but remains only 41 vaguely understood. The advent of next-generation sequencing technologies now allow for the potential to make great 42 leaps in the study of microbe-habitat relationships of highly diverse microbial communities and environments. The iden-43 tity and functions of this overwhelming multitude of microbes are in the beginning stages of being described, and are 44 already providing insights into microbial impacts on plant and animal health (Berg, 2009; Evans and Schwarz, 2011; 45 Clemente et al., 2012). Making use of the overwhelming amount of information on microbial taxa and habitats has enor-46 mous potential for use to further understand microbial-habitat relationships. Thus, the advent of new methods and ap-47 proaches to utilize this data and describe microbiomes will benefit microbial ecology and biotechnology. 48
Though variations exist, a core microbiome can be defined, conceptually, using Venn diagrams, where over-lapping 49 circles and non-overlapping areas of circles represent shared and non-shared members of a habitat, respectively (Shade 50 and Handelsman, 2012). Typically, microbiomes identified in this manner are not statistically evaluated, or by nature, 51 seek to answer specific hypothesis that are specific to an experiment. For example, studies often identify microbes asso-52 ciated with different plant growth stages, species, cultivars, and locations but rarely, if at all, mine databases or perform 53 meta-analysis to statistically identify microbiomes across studies and experimental conditions (Chaudhary et al. however, extending this framework to include an easy to use, and statistically robust tool to help in the mining of data 57 from underutilized and burgeoning databases (e.g. the National Center for Biotechnology Information (NCBI), Riboso1). The data table was filtered and rarefied using a sequence threshold of 1150, and the beta diversity was calculated us-116 ing Bray-Curtis (Beals, 1984) distance and visualized using Principal Coordinate Analysis (Gower, 2005 
Core microbiome analysis 122
To find the set of core OTUs, the samples in the combined OTU table (original data) were first divided into the interest 123 group samples (switchgrass) and out-group samples. The abundance values for each OTU in each sample are then con-124 verted to binary (present/absent) values based on whether they are zero or nonzero. For each OTU a one-tailed Fisher's 125
Exact Test was used to calculate a p-value testing whether an OTU was present in a significantly higher portion in the 126 interest in-group (Switchgrass) compared to the out-group samples (numerous other grass species). 127
These p-values were corrected for multiple-testing using Benjamini Hochberg. The OTUs with a q-value < 0.05 were 128 then selected to only the OTUs that are present in at least 90% of the interest group samples. Uninformative OTUs (e.g., 129
k_Bacteria;p_;c_;o_;f_;g_;s_) were filtered out and the remaining OTUs were candidates for the core microbiome. 130 131
Implementation of COREMIC 132
The web-tool was developed in Python 2.7, and is hosted on Google App Engine. Other requirements include GoogleAp-133 pEnginePipeline 1.9.22.1, pyqi 0.3.1, requests 2.10.0, requests-toolbelt 0.6.2, mailjet-rest 1.2.2, biom-format 1.1.2, ete3 134 3.0.0 (for tree generation-see below for details), webapp2 2.5.2, numpy 1.6.1, matplotlib 1.2.0, jinja2 2.6, ssl 2.7. 135 COREMIC is accessible via any internet connected browser and emails the results to the user. The processing times with 136 the default settings after uploading the data are provided in Table S1 . 137
A custom python script generates a phylogenetic tree using the taxonomic labels for each OTU displaying the relation-138 ship between the core OTUs obtained from the group of interest and the out-group. This tree is generated using the ete3 respectively. The combined dataset had 678 OTUs, 31 switchgrass and 28 non-switchgrass (other grasses) samples. 145
The bacterial communities in switchgrass and grasses from the combined dataset were significantly different (Per-146 manova, MRPP, and ANOSIM p-values < 0.01) and as can be observed using the PCoA plot using the Bray-Curtis dis-147 similarity metric (Figure 2 ). These differences were apparent despite significant difference across datasets (Permanova, 148 MRPP, and ANOSIM p-values < 0.01); which could be the result, for example, of the heterogeneity of the data set related 149 to climate, soil type-condition, growth conditions, and plant age. In this regard, at the phylum level, Mann Whitney test 150 identified Bacteroidetes and Verrucomicrobia had significantly greater (p-value < 0.05) relative abundance in 151 switchgrass, whereas, Gemmatimonadetes were more abundant in other grasses ( Figure S1 ). 152
We used a very conservative criterion of >90% threshold i.e., an OTU has to be present in at least 90% of switchgrass 153 samples and observed five OTUs with FDR q-values < 0.05 (Table 1 ). The relative abundance and a phylogenetic tree 154 exhibiting their relationship with the core-OTUs from the non-switchgrass samples is shown in Figure S2 and Figure S3 , 155 respectively. Despite the enormous variability across the many different sampling locations, there is support for the oc-156 currence of a core microbiome in the root-zone of switchgrass. 157 158 The core bacterial OTUs those were significantly (q-value < 0.05) associated with switchgrass, calculated using pres-160 ence/absence data and present in >90% switchgrass samples. 161
Discussion 163
The case study showed how COREMIC can identify key habitat-specific microbes across diverse samples, using current-164 ly available databases and a unique freely available software. The core set of bacteria associated with switchgrass includ-165 ed, among others, closely related taxa from Lysobacter spp., Mesorhizobium spp, and Chitinophagaceae. The functional 166 relevance of these bacteria related to switchgrass is unknown, but it is notable that these bacteria have been shown to 167 for the OTU. This allows scientists to operate without making assumptions about the PCR-based OTU relative abundanc-181 es. This is considered a potential advantage of the method because it is unknown whether relative abundance of sequence 182 data is representative of true relative differences between communities. Further research, in this regard, will be aimed 183 towards investigating other measures of OTU "presence", namely the extent of exclusivity, consistency, or abundance of 184 the group that is eventually determined to be a core microbiome. 185
Sampling plots used in this study were located across a range of diverse environments to help create a backdrop of het-186 erogeneity. While this diversity of habitat conditions ignores the potential for microbe-environment interactions that 187 might be important for the plant-microbial relationship, it has the advantage of being a conservative approach with high 188 veracity for defining a core microbiome regardless of habitat heterogeneity. The locations from which samples were 189 grown (Michigan, Wisconsin, Virginia) were treated as independent to help isolate the overall habitat effect of 190 R. Rodrigues et al.
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switchgrass (Werling et 
searchers can take this into account during the design and analysis using COREMIC. 192 It is notable that the representation of an outgroup (multiple non-switchgrass species) is an important criteria and 193 choice made by researchers, and is an approach that has both advantages and caveats. By definition, a habitat is defined 194 by its differences from that of other habitats, and therefore the use of the outgroup is an important choice. The choice of the outgroup, furthermore, for determining a core microbiome is amenable to choice using deductive rea-206 soning but ultimately limited by available data. This issue almost certainly limits inclusion of many functionally im-207 portant rhizosphere microbes that could affect the growth of switchgrass. In this study, the proof of concept utilized a 208 conservative approach to highlight the methodology across a diversity of geographies, soil types, and plant ages. The 209 COREMIC tool as well as the multiple methods for defining a core microbiome (e.g., QIIME (Caporaso et al., 2010), 210 ISA (Dufrene and Legendre, 1997)) will always be defined by the expertise, and the nature of the hypotheses defined and 211 defended by individual researchers. 212 213
Core Microbes 214
The individual datasets described in this study had previously focused on identifying abundant microbes and differences 215 due to experimental conditions. The current meta-analysis goes a step further to find common microbiota that are associ-216 ated with switchgrass across the diverse experimental conditions. The members of the Lysobacter genus, an identified 217 core microbe of switchgrass, are known to live in soil and have been shown to be ecologically important due to their abil-218 ity to produce exo-enzymes and antibiotics (Reichenbach, 2006) . Their antimicrobial activity against bacteria, fungi, uni soil interactions in the development of growth promoting plant-microbial relationships, the approach used in this study 245 reverses the focus (from top-down to bottom-up) to search for microbes that appear to already be naturally well-adapted 246 to the root-soil habitats of interest (Trabelsi and Mhamdi, 2013; Souza et al., 2015) . This process streamlines the search 247 for suitable microbes from a daunting pool of thousands of bacterial taxa. Bacteria and fungi with well-known partnerships with members of the core microbiome, it would be expected, to be more readily adaptable to their native environ-249 ment. Indeed, the concept of adaptability to an environment has been shown to be true for many types of microbes across 250 the environmental spectrum, and has given rise to the concept of the niche (Lennon et al., 2012) . The COREMIC tool 251 provides an alternative and logical approach to help mine available datasets, in the search for core microbiomes associat-252 ed with habitats that are ecologically and agriculturally important. 253 254
Conclusions 255
The COREMIC tool, by helping to mine multiple datasets fills a major gap in the search for the core microbiome associ-256 ated with a host or habitat. It allows for the development of a working hypothesis in the search for microbes well suited 257 for a habitat or host-microbe interaction. It can also be used to confirm laboratory studies that have identified target mi-258 crobes that might be important symbionts or thought to be associated with a specific habitat. In the case of plants, but not 259 limited to them, the COREMIC approach can identify microbial targets that might be useful for plant growth promotion. 
